Negro F, Farina D. Decorrelation of cortical inputs and motoneuron output. Oscillations in the primary motor cortex are transmitted through the corticospinal tract to the motoneuron pool. This pathway is believed to produce an effective and direct command from the motor cortex to the spinal motoneurons for the modulation of the force output. In this study, we used a computational model of a population of motoneurons to investigate the factors that can influence the transmission of the cortical input to the output of motoneurons, since it can be quantified by coherence analysis. The simulations demonstrated that, despite the nonlinearity of the motoneurons, oscillations present in the cortical input are transmitted to the output of the motoneuron pool at the same frequency. However, the interference introduced by the nonlinearity of the system increases the variability of the oscillations in output, introducing spectral lines whose frequency depends on the input frequencies and the motoneuron discharge rates. Moreover, an additional source of synaptic input common to all motoneurons but independent from the corticospinal component decorrelates the cortical input and motoneuron output and, thus, decreases the magnitude of the estimated coherence, even if the effective cortical drive does not change. These results indicate that the corticospinal input can effectively be sampled by a small population of motoneurons. However, the transmission of a corticospinal drive to the motoneuron pool is influenced by the nonlinearity of the spiking processes of the active motoneurons and by synaptic inputs common to the motoneuron population but independent from the cortical input.
IN BIOLOGICAL SYSTEMS, STIMULI are coded into series of spike trains by the nonlinear nature of the neurons (Gerstner and Kistler 2002) . The way in which spike trains can carry relevant information and reliably transmit it in different regions of the central nervous system is still partly an open question (Averbeck et al. 2006; Salinas and Sejnowski 2001) . Signals extracted from populations of neural cells indicate the presence of oscillatory waves on a wide range of frequencies during different states of the human nervous system (Neuper and Klimesch 2006) . Some of these rhythms may be coupled at two or more sites, with a strength that is dependent on the condition of the system (Mackay 1997) . For motor processes, oscillations in the beta band recorded on the motor cortex in humans (Conway et al. 1995 ) are known to be coherent with the motoneuron output during sustained contractions (Halliday et al. 1998; Negro and Farina 2011; Salenius et al. 1997) . This observation indicates that the inputs to the motoneuron pool are partly transmitted in a linear way to the motoneuron spike trains (Negro and Farina 2011) .
The nonlinear transmission of information by the motoneurons introduces frequency components not present in the input signal, which in some conditions may influence the transmission of the input (Bayly 1968; de Boer et al. 1985; Koenderink and van Doorn 1973) . Despite this effect, we recently showed experimentally that a relatively small population of motoneuron spike trains is sufficient to transmit cortical input frequencies to the neural drive to the muscle (Negro and Farina 2011) . However, in experimental studies, the strength of the corticospinal projections to the motoneuron pool is unknown, which limits the possibility of quantifying the influence of the nonlinearity of the motoneuron input-output relation on the transmission of specific input frequencies.
Corticospinal projections (Lawrence et al. 1985) are not the only pathways that deliver common synaptic inputs to the motoneuron pool. Afferent (Ishizuka et al. 1979 ), brain stem (Kuypers and Brinkman 1970) , and other pathways terminate directly or indirectly on the motoneuron pool. For example, the reticulospinal tract and other medial descending systems have a direct pathway to the upper limb motoneurons in primates (Riddle et al. 2009; Riddle and Baker 2010) . These inputs are sampled and transmitted to the output of the motoneurons by interacting with the other inputs. Common inputs results in correlation between the output spike trains (Turker and Powers 2002) , as can be demonstrated in humans by estimates of short-term synchronization (Nordstrom et al. 1992 ) and common drive (De Luca et al. 1982 ) among pairs of motor units. Cortical and other synaptic inputs projected commonly to populations of motoneurons may decorrelate the output with respect to the individual inputs (Maltenfort et al. 1998) , which can influence the transmission of the corticospinal drive. Similar effects have been reported for cortical neurons, where recurrent neural networks are believed to induce asynchronous states and decorrelation in population of neurons (Renart et al. 2010) .
The interaction between different inputs projected to motoneurons when transmitted to the motoneuron output has important consequences for force control. This interaction may act as neural filtering by suppressing or enhancing specific frequency components in the neural drive to muscles (motoneuron output) (Williams et al. 2010 ). These mechanisms are relevant for force stability and may cause pathological conditions when the neural filtering is not fully effective, e.g., in pathological tremor (Halliday et al. 1995; Raethjen et al. 2009 ).
The strength of the corticospinal drive has been shown to vary under alteration of the afferent activity, such as when performing fatiguing sustained contractions (Yang et al. 2009 ), under ischemic conditions (Riddle and Baker 2005) , or during vibration (Mima et al. 2000) . However, it is not known whether the observed changes in these conditions are due to a modification in the relative contribution of cortical input to the output of the motoneuron pool or whether they are due to the decorrelation of cortical input with motoneuron output because of increased secondary common input sources.
In this study, we have use a computational model to investigate the transmission of corticospinal drive to the spike trains of populations of motoneurons. We focus on the influence of the spiking properties of the motoneurons and of common inputs independent from the cortical inputs on the efficacy of the transmission.
METHODS
The simulations were based on a model of populations of motoneurons that received common and independent inputs.
Motoneuron model. The motoneuron model was inspired from that described by Cisi and Kohn (2008) . It consists of two compartments and six conductances (with 3 voltage-dependent conductances: Na ϩ , fast K ϩ , and slow K ϩ ). Four state variables (m, h, n, and q) are functions of the voltage-dependent rates. The pulse-based simplification used in the original model was, however, removed in the present study, and a full formulation, previously proposed for another model (Traub et al. 1991) , was used instead. This increased the computational requirements but eliminated approximations. The motoneuron parameters were the same as those used by Cisi and Kohn (2008; see their Table 2 ) and were selected according to an exponential distribution over the pool of motoneurons (Fuglevand et al. 1993; Powers and Binder 1985) . The number of motoneurons was chosen equal to 300, which is similar to histological findings in the abductor digiti minimi muscle (Santo Neto et al. 1985) , which was chosen for comparisons with our previous experimental study (Negro and Farina 2011) .
The input to the motoneuron pool was divided into two components, a cortical input (CI), common to the entire motoneuron pool, that corresponds to oscillations generated at the cortical level and a secondary input that relates to oscillations generated from other structures of the central nervous system. This latter input was further divided into a common component to all motoneurons (SI) that could describe any parallel pathway to the motoneuron pool (e.g., brain stem, afferent) and a component of independent noise (IN) for each motoneuron, resembling stochastic membrane oscillations. The CI was modeled as a band-limited (15-35 Hz) white Gaussian noise in most conditions (Conway et al. 1995; Halliday et al. 1998 ). However, for some representative simulations, the CI was modeled as chirp signals. The chirp signal was a sinusoid with a varying frequency (linear increase/decrease) over time. In addition, a broader frequency band signal (0 -100 Hz) representing CI was also investigated in some simulations. The common SI represented the input that originates from brain stem, spinal interneurons, or muscle afferents and was simulated as band-limited (0 -100 Hz) white Gaussian noise (Maltenfort et al. 1998 ). The inputs CI and SI were common to the entire pool of motoneurons and were independent of each other. The third source of input was IN and was simulated as an independent signal for each motoneuron. This input described the membrane noise and was modeled as a band-limited (0 -100 Hz) white (in the bandwidth) Gaussian signal (Maltenfort et al. 1998) . The input to the motoneuron pool was the linear combination of the three input sources. The total variance of the stochastic input was a percentage of the steady-state drive to obtain a coefficient of variation for the interspike interval (ISI) of ϳ15% (Maltenfort et al. 1998) . A schematic representation of the motoneuron model is shown in Fig. 1 .
The stochastic input current was applied to the soma compartment as an injected current. All motoneurons received the same amount of current, and no plateau potentials were simulated. Therefore, the motoneuron model did not have limitations in discharge rates and did not describe tonic firing in the absence of synaptic input. These simplifications are acceptable in the current study, since discharge rate saturation has a limited effect at a low level of mean input current (as in the simulations presented in RESULTS) and persistent inward currents (PICs) have been shown to have little influence on coherence estimations (Williams and Baker 2009a) . Figure 2 shows an example of the output of the motoneuron model and its discharge rate-input current relation.
The full model was implemented in MATLAB and is schematically shown in Fig. 1 . The system of differential equations for the motoneuron model was solved with the Adams-Bashforth-Moulton PECE solver (Shampine and Gordon 1975) by using optimized time steps within intervals of 1 ms. Each simulation had a duration of 100 s, resulting in 100 segments of 1-s duration. In all simulations, colored Gaussian noise (bandwidth 0.5-40 Hz) was added to the CI to simulate a realistic level of interference usually found during recordings of EEG signals on the scalp (Lange et al. 1997) . The signal-tonoise ratio was set to Ϫ15 dB. The resulting signal was further low-pass filtered at 40 Hz (2nd-order Butterworth). In each simulation, 100 realizations of signal noise were generated and the results were averaged over the 100 simulation runs.
Amplitude spectrum of the output spike train. After the derivation described by Negro and Farina (2011) and Nakao et al. (1997) , the output amplitude spectrum of the motoneuron pool, under the simplified assumption of integrate-and-fire neurons, can be written as
whereX(f) is the Fourier transform of the input signal, which is a summation of M sinusoids at frequencies f 1 ѧ f M , and Î R is the interference term generated by the nonlinearity of the spiking process. f 0,l is the discharge rate of the lth motoneuron, and t 0,l is the time instant of the first spike in the train of action potentials of the lth motoneuron. Since the latter can be assumed to be random, the term Î R is constituted by an infinite number of harmonics (see Nakao et al. 1997) with stochastic magnitudes and phases. Moreover, the interference term of the individual spike trains has a strong component at the discharge rate frequency f 0,l and several sidebands that depend on the number of input sinusoids. This theoretical considerations are used to interpret the simulation results.
Synchronization and coherence analysis. The strength of common drive and short-term synchronization were computed from the simu- lated motoneuron spike trains. For the assessment of the common drive, the instantaneous discharge rate of each motoneuron was smoothed using a Hanning window of 400-ms duration and high-pass filtered with a cutoff frequency of 0.75 Hz [0-phase filter, H(f) ϭ 1 Ϫ sin(f)/f] to remove offsets and trends, as proposed in previous studies (De Luca et al. 1982; Negro et al. 2009 ). The strength of the common drive was computed on these average discharge rates over intervals of 5-s duration and averaged over the contraction duration.
Only peak values of the cross-correlation function corresponding to time delays in the interval Ϯ100 ms were considered for this analysis (De Luca and Erim 2002) .
The degree of motor unit short-term synchronization was calculated using the cross-correlation histograms (bin width: 1 ms) between Ϫ100 ms before and 100 ms after the discharge of the reference unit (Nordstrom et al. 1992) . The cumulative sum (CUSUM) technique was used to assess the location of the peak of the histograms (Ellaway 1978) . The time bin where the cumulative sum exceeded 3 SD with respect to the mean calculated over the first 50 bins was set as the location of a significant peak (Davey et al. 1986 ). Histograms with a mean count Ͻ4 were not analyzed (Semmler et al. 1997) . The strength of short-term synchronization was measured as the common input strength (CIS) index (Nordstrom et al. 1992) , defined as the number of synchronous discharges of the motoneuron pair in excess of chance, divided by the duration of the analyzed interval. CIS values reported in the results are the average over all pairs of motoneurons simulated (Semmler and Nordstrom 1999) .
The cumulative spike train (CST) of the motoneuron output was derived as the sum of the spike trains of groups of motoneurons. The efficacy of the transmission of cortical input to motoneuron output was quantified using the coherence between the CI and the CST. This measure is often performed experimentally by estimating the coherence level between EEG and EMG. However, in this study the EMG signal was not simulated to avoid other factors of influence, such as the shape of the surface action potentials, the volume conductor properties, the electrode system used, and the type of EMG preprocessing (rectification, filtering) (Christou and Neto 2010; Farina et al. 2004; Halliday and Farmer 2010) . The main focus in this study is the transmission of cortical input to motoneuron output, and thus only spike trains were analyzed.
The coherence between CI and CST was defined as (Rosenberg et al. 1989) 
where f xy is the cross-spectrum and f xx and f yy are the autospectra of the two signals. The signals were divided in intervals of 1-s duration from which the power spectra were estimated (periodogram with Hanning window of 1-s duration and frequency resolution of 0.5 Hz, achieved by zero-padding). The confidential limit for coherence values is (Rosenberg et al. 1989 )
where N is the number of segments used in the calculation and ␣ is the level of confidence.
Statistical analysis. Data are means and SD. The significance level for coherence functions was computed according to Eq. 3 with ␣ ϭ 0.05. Figure 3 shows representatively the effect of the interference term indicated in Eq. 1 on the output power spectrum of the simulated population of motoneurons. The mean value of the total synaptic input was set to 5 nA. The CI was simulated as a sinusoid with linear increasing frequency between 5 and 20 Hz (Fig. 3A) , and the IN was added independently for each motoneuron. In this example, the SI was not simulated. In the case of a linear system, the input spectral line would be transmitted at the output with the same intensity regardless of the frequency value (first term in Eq. 1). In the simulation of the population of nonlinear motoneurons, the output power spectrum showed a peak at the input frequency ( Fig. 3B ), but the amplitude of the output sinusoid depended on a complex interaction (Eq. 1) between the frequency of the input and the components introduced by the average discharge rates. When the input frequency was similar to the average discharge rate of the population of active motoneurons [in this example, 13.6 pulses/s (pps); Fig. 3C ], the output signal had greater and more variable amplitude (with small changes in frequency) than for the other frequencies. For example, the output power spectrum was 1.5 times smaller when the input frequency was 15.8 Hz than when it was 15 Hz, despite the intensity of the input and all other conditions in the simulations being the same. These results show that the average discharge rate has an influence on the input-output transmission by introducing a distortion in the output power spectrum of the motoneuron pool, increasing the variance of the estimation. This distortion derives from the interference (nonlinear) term in Eq. 1.
RESULTS
The interference of the nonlinear term in Eq. 1 becomes more complex when more than one frequency component is present at a time in the synaptic input. Figure 4 shows the effects of the combination of two sinusoids on the output transmission of the motoneuron pool. The CI was simulated as a summation of two sinusoids with linearly changing frequencies in opposite direction (Fig. 4A ). The other sources of synaptic input were chosen as for the previous simulation. Although the output power spectrum of the population of motoneurons clearly showed the transmission of the injected input, the relative power of the two components was highly Fig. 3 . A: power spectrum of the cortical input (CI) simulated as 1 sinusoid with frequency increasing (chirp signal) between 5 and 20 Hz (50-s duration). The plot shows the estimates of the power spectrum corresponding to 18 segments (2.5-s interval and 5-s duration). Independent noise (IN) was uncorrelated between different motoneurons and was applied in the frequency band 0 -100 Hz. The secondary common synaptic noise was absent. AU, arbitrary units. B: power spectrum in output of the simulated motoneuron pool (summation of all spike trains) calculated in the same intervals as for the spectral estimates of A. C: distribution of the average discharge rates for the motoneurons (N, no. of motoneurons). For all simulations, the mean synaptic input was set to 5 nA. Fig. 4 . A: power spectrum of the input CI signal, similar to that in Fig. 3 , but simulated as the summation of 2 sinusoids with frequencies varying between 5 and 35 Hz in opposite directions (5 to 20 Hz for the first and 35 to 20 Hz for the second sinusoid). B: power spectrum of the cumulative spike train of the motoneurons (output). The higher level of interference is due to the nonlinearity of the spiking process. C: the original power spectrum of the input calculated for 3 different values of the 2 frequencies (dashed lines) and the corresponding power spectrum of the cumulative output spike train (solid lines). The dashed lines correspond to segments represented in input power spectrum (A) and the solid lines to the output power spectrum (B). Note the attenuation of the components depending on the values for the 2 input frequencies. For example, in the top plot, corresponding approximately at the time instant 13 s, the frequency in the input at 15 Hz is well represented in the output spike trains, whereas the frequency at 25 Hz is completely attenuated. The opposite case is depicted in the bottom plot, where the component introduced by the average discharge rates (ϳ15 Hz, mean synaptic input at 5 nA) of the spike trains is clearly present. variable and was influenced by amplification and cancellation depending on the relative value of the two frequencies and on the mean discharge rate (Fig. 4C ). The problem is evident when individual instants of time are selected from the simulation. Depending on the relative difference in frequency of the two components ( Fig. 4C ) and the average discharge rate of the motoneuron pool, the output power spectrum may show both components or present them amplified/attenuated. For example, when the two sinusoids are at ϳ11 and 29 Hz (Fig. 4C,  middle) , both components are well represented in the output spike trains (solid lines). On the other hand, when the frequencies of the two sinusoids are 15 and 25 Hz (Fig. 4C, top) , only the first is present in the output spike trains (solid line, peak around 15 Hz).
The simulations shown in Fig. 4 indicate the issue of nonlinearity when inputs are summed (i.e., the output is not the sum of the transmitted inputs, but rather interference, both constructive and destructive, can occur). This issue is more relevant when the input sinusoids are infinite, such as the case of a broadband signal, which is closer to a realistic condition. Figure 5 shows simulations where the input to the motoneuron pool is stochastic and comprises CI, SI, and IN. The power spectrum of the CI was first simulated as band-pass filtered Gaussian noise (15-35 Hz) that resembles the cortical oscillatory activity during sustained contraction (Fig. 5A ). SI and IN were simulated as low-pass filtered Gaussian noises with bandwidth 0 -100 Hz. The mean value of the total input received by the motoneuron pool in this example was 5 nA, and the input variance was distributed as 10, 50, and 40% for the CI, SI, and IN inputs, respectively. These values led to a level of common drive between the low-frequency components of the motor unit discharge rates similar to the values previously measured experimentally (Negro et al. 2009 ). The cross-correlation function between smoothed discharge rates calculated for the subgroup of simulated motoneurons with mean discharge rate Ͼ8 pps showed a peak at approximately zero time lag and an average CDI of 30.1%. The average discharge rate of the active motoneurons was 12.5 Ϯ 1.6 pps, and the average coefficient of variation for the ISI was 15.5 Ϯ 3.4% (motoneurons with average discharge rate Ͼ8 pps, N ϭ 201). The degree of short-term synchronization calculated using the CIS index was 1.65 pps, similar to experimental observations (Dideriksen et al. 2009; Negro et al. 2009 ).
In these simulated conditions, two broadband inputs (CI and SI) common to all motoneurons are transmitted to the output, which generalizes the simplified representative simulation with two harmonics only, presented in Fig. 4 . In addition, an independent input was also added in this simulation. In this simulation, the coherence between the simulated cortical input and the superimposition of the spike trains of the active motoneurons was computed for an increasing number of motoneurons ( Fig. 5B ). When only 1 motoneuron was used for this calculation, the peak coherence was 0.07, whereas the coherence level increased to 0.13 when 5 motoneurons were used, to 0.14 with 10 motoneurons, to 0.19 with 50 motoneurons, and to 0.20 when all active neurons (201 active motoneurons) were included in the calculation. This simulation indicates that increasing the number of motoneurons has a progressively smaller influence on the estimated level of transmission of the cortical input. Therefore, few motoneurons are sufficient for transmission of input oscillations to the output cumulative spike train. In this example, using only 5 of 201 motoneurons (ϳ2% of the population) led to a measure of coherence with an error of only ϳ35% with respect to the level that would be measured by using the entire population of 201 active motoneurons. This simulation confirms the experimental results of our previous study (Negro and Farina 2011) , showing that a relatively small population of motoneurons can efficiently transmit the cortical input. Nonetheless, the results of this simulation raise some additional observations in relation to the transmission of input for different frequencies. The simulation involved a CI with a power spectrum of equal intensity in the band of 15-35 Hz (Fig. 5A) ; however, the coherence estimation was not the same for all frequencies but showed peaks and corresponding dips. This is the same effect, associated to the interference term in Eq. 1, that was investigated in the previous simplified simulations (Figs. 3 and 4) . The results indicate, for broadband input signals, that the transmission of input to the motoneuron output is influenced by nonlinear effects, which are different for different frequencies.
The same simulation was also repeated for a larger frequency band for CI, equal to the one used for SI and IN (Fig.  5C ). The general conclusions also were valid in this case (Fig. 5D) .
The above simulations show the effect of the nonlinear sum of inputs at the output of populations of motoneurons. Furthermore, we varied the SI to investigate for any systematic influence on the transmission of CI. For this purpose, simulations were performed with the same level of CI but with increasing levels of SI (and correspondingly decreasing levels of IN so that the total variance of the summed inputs was constant). Because CI did not change in relative power with respect to the total input variance in these tests, if coherence was a robust measure of its transmission, it should be unchanged across different SI values. Figure 6 shows the coherence spectra for SI equal to 10, 50, and 90% of the total noise variance. It is important to note again that the CI was set to 10% in all cases; thus its relative contribution did not change, and the IN was scaled subsequently (80, 40, and 0%, respectively). The simulations had a duration of 100 s, and the mean value of the total input was set to 5 nA, as in the previous simulations. As a consequence of the increase in SI, the level of coherence decreased substantially, despite the proportion of CI remaining the same (10%). Moreover, the degree of shortterm synchronization and of common drive increased with increasing SI (case 1: CIS ϭ 0.79 and CDI ϭ 22%; case 2: CIS ϭ 1.79 and CDI ϭ 26%; case 3: CIS ϭ 4.55 and CDI ϭ 47%). These effects were specific for alterations in SI and were not observed when IN was changed. When IN was the only source of input in addition to CI, the level of corticomuscular Fig. 6 . Effect of a common input independent from the CI on the corticospinal coherence estimation. A-C: corticospinal coherence estimated with a fixed value (10%) of the variance of the CI and an increasing level of the secondary input (SI). D-F: the effect of varying the level of SI on the strength of correlation between motoneurons is shown using the cross-correlation functions between low-frequency oscillations of a set of motoneuron spike trains (see METHODS for details of the analysis). The horizontal dashed line in the coherence plots represents the confidence level according to Eq. 3. coherence was indeed substantially greater than with SI. For example, at 10, 0, and 90% for CI, SI and IN, respectively, the peak of coherence was 0.46 (CIS ϭ 0.66 and CDI ϭ 21%), which is higher than the peak of coherence obtained when SI was Ͼ0%, even if the level of CI was the same in all cases. These results demonstrate that a secondary common input, independent from the cortical input, influences substantially the transmission of the latter and its estimation with the coherence measure. Conversely, an independent input does not have this effect.
To investigate the relation between CI and the transmission efficiency in the presence of a varying SI, we further simulated a varying level of CI. Moreover, to confirm that the distribution of the resistivities of motor neurons does not influence the calculation, we performed the simulations for the cases of exponential and linear distribution of resistivity (Fig. 7, A and  B) . Although the coherence level tended to increase with increasing CI, in both cases, the trend was not linear and the slope of this association decreased for increasing levels of the input (Fig. 7, C and D) . For the case without SI, the coherence level was approximately constant for all levels of CI. This implies that, for the selection of the parameters of this simulation, the averaging process performed by the summation of the activity of several motoneurons decreased the overall level of IN and saturated the level of coherence (note that the coherence is a normalized measure). In all other cases, the estimation of the coherence level indeed did not substantially increase when CI increased at values Ͼ30%. Moreover, SI scaled this relation (Fig. 7, C and D) , as also demonstrated in Fig. 6 .
The above-described simulations prove an effect of common inputs other than CI on the estimation of corticospinal drive. This effect makes the transmission of cortical input different for different frequencies and depending on the level of other sources of common input. This concept is further shown in Fig. 8 , which reports the results of a set of simulations where the CI was a narrow band-pass signal with a constant mean value (5 nA) and variance but with a variable proportion of SI (bandwidth 0 -100 Hz). The simulations were performed with a CI generated as band-pass Gaussian noise with a total frequency width of 3 Hz and variable center frequency . For each central frequency, the secondary input between 0 and 90% of the total variance was simulated. The IN input was scaled accordingly. A faithful estimation of the corticospinal drive would imply a constant value of coherence in all the conditions tested in Fig. 8 (and all frequencies, since the relative intensity of the cortical input was the same at each frequency and in each condition), whereas the values of coherence varied between 0.07 and 0.83 for the range of parameters tested. Moreover, with the same level of SI and different center frequency, the coherence estimations were also very variable, due to the considerations reported above.
DISCUSSION
In this study we investigated the corticospinal transmission to the motoneuron pool using a realistic computational model of motoneuron populations. Our results demonstrate that the nonlinearity in the spiking process of the motoneuron pool may imply constructive or destructive interference between inputs when transmitted to the motoneuron output.
Since the resistivity of the motoneurons in the pool is distributed exponentially (Powers and Binder 1985) , at a given contraction level most motoneurons discharge at similar rates (Fig. 3C) . Thus, given a common input, the interference term of each motoneuron spike train (term Î R in Eq. 1) overlaps with the others approximately in the same frequency band. This Fig. 7 . Relation between the estimated coherence and the generated CI. A and B: average discharge rates for all motoneurons when an exponential and a linear distribution, respectively, are used for the resistivity of the individual motoneurons. C and D: estimated coherence values between the CI synaptic input and the motoneuron output for the exponential and linear cases, respectively. The CI was varied between 10 and 50% of the total input variance. The second common input, SI, was simulated between 0 and 50%. The IN was scaled to have the total variance equal to 100% in all cases. The magnitude of the coherence was calculated as average value in the frequency band introduces a distortion in the power spectrum of the composite spike train in output (Fig. 3 ). When only one source of input is present, as in the example of Fig. 3 , the output power spectrum has a peak corresponding to the average discharge rate of the active motoneurons. This peak sums to the input when this is at a similar frequency, increasing the intensity and the variability of input transmission at that frequency. When more than one input is present, however, the interference term may decrease the efficiency in transmission of certain frequencies (Fig. 4) .
The efficiency of the transmission of an oscillatory input in a simulated motoneuron pool depends on the number of spike trains used for the estimation (Fig. 5B) . The input signal is transmitted when the total number of discharges satisfies the sampling theorem (Marvasti 1992) . Therefore, in the simulations, although a pool of motoneurons was needed for effective transmission of the simulated cortical input, there was a high level of redundancy in the entire pool of active motoneurons and a small percentage of spike trains was sufficient. A similar conclusion was drawn by Baker et al. (2003) for the estimation of the coherence between local field potentials and pyramidal tract neurons in monkeys. Each motoneuron behaves as a transductor of input current into discrete impulses (Baldissera et al. 1984; Goroso et al. 2000) , but the low discharge rate during moderate contractions limits its ability to sample fast oscillatory inputs. More motoneurons effectively sample the input at higher rate. This is also in agreement with our previous experimental findings (Negro and Farina 2011) , which demonstrated that a pool of motoneurons with different intrinsic properties (thresholds) and receiving a common oscillatory current provides a better transmission of the input than a single motoneuron because it acts as a bank of asynchronous samplers.
The total synaptic input to the motoneuron pool was simulated using three sources, two common (CI and SI) and one independent (IN) to the motoneurons. The contribution SI was added in this study as a second source of shared input to the motoneurons in addition to CI, contrary to previous studies that usually considered a model with only CI and IN (e.g., Williams and Baker 2009a) . With specific selections of the relative contributions of the three input sources, the modeled average discharge rates, coefficients of variation for ISI, CDI, and CIS were similar to experimental observations. The simulations provided indications on the effect of different types of common inputs to the estimation of corticospinal coupling. The presence of a second common input to the motoneuron pool in addition to the cortical input had a substantial influence on the transmission of the latter. Interestingly, this indicates that given a common input to a motoneuron pool, another common signal independent from the first decorrelates the output. This observation is in agreement with some previous observations. For example, increased simulated activity of Renshaw cells, which represent a common input shared by a subpopulation of motoneurons, reduces both the synchronization between motoneurons (Maltenfort et al. 1998 ) and the corticomuscular coherence (Williams and Baker 2009b) . A lower bound of the absolute magnitude of the coherence estimation for a population of neurons receiving correlated noise independent from the input was derived analytically by Baker et al. (2003; see their Appendix) . In the present study, the increase in a secondary common input had a strong effect on the estimation of the corticospinal transmission. The increase of common oscillations independent from the cortical input forces the motoneurons to reach the threshold and concurrently discharge, reducing the efficiency in sampling of the cortical input. On the contrary, independent inputs on each motoneuron result in uncorrelated threshold crossings and therefore do not substantially influence the transmission of the cortical input across the motoneuron pool. The decorrelation effect of common input independent from the cortical input is evident in Fig. 6 : an increasing amount of this type of input determines greater correlation in the output (as shown by the CDI and CSI indexes) and a large decrease in the estimated corticospinal drive, despite the relative proportion of cortical input to the motoneurons remaining the same. This result is in agreement with a recent experimental study that showed a decrease in corticomuscular coherence with fatigue (Yang et al. 2009 ). Moreover, it has been shown that both synchronization and cross-correlation between motor unit spike trains increase with fatigue (Contessa et al. 2009; De Luca 1984) , probably because of the increase in afferent feedback from the periphery. In this study the phenomenon was modeled modulating the contribution of the secondary input (SI), common to all motoneurons, which determined a decrease in effective transmission of the cortical input. At the same time, synchronization and crosscorrelation between motoneuron spike trains increased. In addition to a strong influence of a secondary input on the transmission of cortical input, the actual relation between the strength of CI and coherence was weak (Fig. 7) , which indicates limitations in using coherence analysis for quantifying the strength of the corticospinal drive. For each value of F, several simulations were computed using a level of SI between 0 and 90% of the total variance (y-axis). The IN was scaled accordingly to maintain the CI level the same in all the simulations. Note that the transmission of input, as estimated by the level of coherence (z-axis), is different for different frequencies and is reduced for increasing SI. The variability for different frequencies with the same level of SI is due to the complex interaction between the 2 inputs.
There are three main limitations of the simulation approach used in this study. One is the lack of active dendritic conductances that are believed to be strongly active during steady muscle contractions in animals and humans (Hornby et al. 2002) . Although some studies have indicated a limited effect of active dendritic conductances on the estimated coherence (Williams and Baker, 2009a), others (Taylor and Enoka 2004) suggest a greater impact. Additionally, Taylor and Enoka (2004) proposed that the combination of PICs and inhibitory pathways could interact in the effective transmission of common inputs. Moreover, PICs introduce additional noise to the motoneuron membrane (Hounsgaard et al. 1988) . A more realistic model also should incorporate this source of noise, although this is complex to describe since it is likely dependent on the total amount of synaptic input. The other two limitations relate to the assumption of uncorrelation between CI and SI. First, under certain circumstances, strong afferent feedback (as, for example, during fatiguing contractions) could produce an increase of the supraspinal inputs (Gandevia 2001) to the motoneuron pool. This would determine a correlation between the CI and SI sources. However, the combination of these effects may be difficult to separate, since our simulations showed a nonlinear relation between the increases in cortical inputs and the estimated coherence when a secondary input is present (Fig. 7) . Second, the afferent activity is strictly associated with the contraction of the muscle (Burke 1978; Hulliger et al. 1985) , and therefore it contains components of the main command to the motoneuron pool. Similarly to the first issue discussed, this also implies that the secondary input may not be completely independent from the cortical inputs to the motoneuron pool, at least for the lower frequencies (approximately up to 10 Hz). The problem was investigated recently (Williams et al. 2010; Tetzlaff et al. 2010) , and the results showed that an (inhibitory) feedback to a motoneuron pool can decrease the power of the oscillatory activity present in those frequency ranges and therefore affect the transmission of those frequencies.
In conclusion, this simulation study proved by modeling that a relative small percentage of active motoneurons is needed for a transmission of the input similar to that performed by the entire population, as observed experimentally in a previous study (Negro and Farina 2010) . In addition, the current study showed that the effectiveness of the transmission of a cortical input depends on the type of additional inputs and on the average discharge rate of the motoneurons in a complex manner, because of the nonlinear nature of the spiking process. Common synaptic inputs that are independent from the cortical sources decrease the magnitude of the coherence. Overall, these results indicate that, despite the cortical input being transmitted by a population of motoneurons in the output spike trains, the efficacy in the transmission varies widely depending on the input frequency and other sources of common input. Therefore, commonly used coherence techniques for the estimation of the cortical contributions to the motoneuron pool should be used carefully when it is not possible to quantify the different factors that can influence them.
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